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Abstract
A major challenge of eco-epidemiology is to determine which factors promote the transmis-
sion of infectious diseases and to establish risk maps that can be used by public health
authorities. The geographic predictions resulting from ecological niche modelling have been
widely used for modelling the future dispersion of vectors based on the occurrence records
and the potential prevalence of the disease. The establishment of risk maps for disease sys-
tems with complex cycles such as cutaneous leishmaniasis (CL) can be very challenging
due to the many inference networks between large sets of host and vector species, with con-
siderable heterogeneity in disease patterns in space and time. One novelty in the present
study is the use of human CL cases to predict the risk of leishmaniasis occurrence in
response to anthropogenic, climatic and environmental factors at two different scales, in the
Neotropical moist forest biome (Amazonian basin and surrounding forest ecosystems) and
in the surrounding region of French Guiana. With a consistent data set never used before
and a conceptual and methodological framework for interpreting data cases, we obtained
risk maps with high statistical support. The predominantly identified human CL risk areas
are those where the human impact on the environment is significant, associated with less
contributory climatic and ecological factors. For both models this study highlights the impor-
tance of considering the anthropogenic drivers for disease risk assessment in human,
although CL is mainly linked to the sylvatic and peri-urban cycle in Meso and South
America.
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Author summary
Cutaneous leishmaniasis is a vector-borne zoonotic disease with a complex transmission
cycle that includes many parasite, vector and host species. This disease continues to pose
public health problems worldwide despite the measures put in place. In recent years,
methodological tools commonly used in ecology, called ecological niche prediction mod-
els, have made it possible to determine the environmental and anthropogenic variables
that may be favourable to the presence of the host and vector species communities
involved in the cycle and therefore to the presence of certain disease agents. The use of
these models, based on the presence of human cases of the disease, can overcome some of
the uncertainties concerning the diversity of the vectors and the potential hosts involved
in the transmission cycle. This approach of health ecology combining ecology and epide-
miology could provide new insights into understanding the cycle of disease transmission
and the influence of environmental factors and thus improve the prediction of disease
emergence and epidemics. It can be applied to various vector-borne diseases whose trans-
mission cycles are still poorly understood and for which studies classically carried out in
epidemiology have not prevented disease progression.
Introduction
Vector-borne diseases that threaten one-third of the world’s population are driven by inter-
twined socio-economic and environmental factors, such as climate change and modifications
of ecosystems through deforestation, conversion of natural habitats to man-made ecosystems
and extended urbanisation [1]. To understand these disease agent dynamics, it is necessary to
determine (1) the geographic area and associated ecological conditions where the transmission
cycle could likely occur, with the infected vectors and host reservoirs, (2) the risk factors that
promote transmission to humans and (3) the human communities that are the most exposed
to infection hazards on a local scale [1–3]. Landscape ecology may contribute to the knowledge
of the influence of biotic and abiotic factors on the presence and dynamics of the vectors and
host reservoirs [4]. It also favours the development of spatial models of risk prediction at a rele-
vant geographic scale [5], which finds its theoretical and more practical extensions within the
new pathogeography paradigm [6]. These spatial models theoretically make it possible to
reveal the geographical areas where the transmission rate of the disease risk is predicted to be
the highest by identifying the environmental, climatic and socio-economic risk factors that
may expose the most vulnerable individuals and populations to microbial hazards and threats
[7,8]. These models may summarise the concept of risk in epidemiology underlying the
notions of hazard, exposure and vulnerability. Hazard represents at least the occurrence and
distribution of the microbial agent under scrutiny in a geographical area as well as the distribu-
tion of vectors, hosts and their interaction. Exposure is related to the probability of an individ-
ual or a community being exposed to microbial hazard through recreational or occupational
activities. Vulnerability represents the individual and group conditions that make humans
more sensitive to infection, e.g., genetic susceptibility or malnourished people [9].
Within the last decade or so, ecological niche models (ENMs) have been proposed in land-
scape epidemiology to explore the relationships between the potential distribution of vectors
or host species reservoirs and environmental variables [10]. The ENMs are used to circumvent
gaps in knowledge of species distribution and are based on the occurrence of a species and rel-
evant environmental variables for identifying the most favourable habitats for the
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establishment and survival of the species of interest [11]. Then they project the relationships
over a geographical area to identify non-surveyed areas where there are favourable environ-
mental conditions, and which are propitious for the development and spread of this species.
Applied to hosts [12] and vectors [7] of pathogens, it has been possible to better understand
the complex influences of spatial heterogeneity and environmental variation on the distribu-
tions of species involved in the disease agent transmission cycle, often interpreted as the more
likely distribution of the disease agent and hence the disease [13]. Within this framework, the
vector-borne disease models show that at larger scales, vectors presence is correlated with cli-
matic and non-climatic factors, with these abiotic factors having a strong influence on vector
species range delineation, i.e., the limits of distributional ranges towards more northern areas
[7,14]. The influence of anthropic pressures on the environment plays a significant role at
more local geographic scales and can unbalance the complex interactions between hosts, vec-
tors and disease agents [15,16]. To properly identify the set of biotic and abiotic conditions
suitable for disease maintenance and dispersal, the BAM (biotic, abiotic, movement) frame-
work was proposed [17]. Biotic and abiotic conditions are based on transmission pathways
between host and vector communities and shape the geographic and ecologic distributions of
the parasite. The movement summarise limitations, accessibility and possible barriers for
spreading opportunities. As such, ENMs applied to vector or reservoir-borne infectious dis-
eases may be confounded to the hazards component part in disease risk calculation. This theo-
retical framework may help to choose the candidate biotic and abiotic variables and the scales
at which all these components must be tested to best fit with the biological model. However,
relevant movement may be complicated to model.
Today, the development of risk maps for (zoonotic) vector-borne diseases remains difficult
for two reasons. First, creating a risk map requires considering the notions of hazard, exposure
and vulnerability, in addition to choosing the explanatory variables using the BAM framework.
Indeed, the likelihood of contact and contamination between human and host-vectors can
vary considerably from one region to another, depending on biodiversity and landscape man-
agement programs, education level, health surveillance and control, living conditions, eco-
nomic resources, etc. [16]. Some anthropogenic variables such as the human footprint (HFP),
deforestation, urban expansion and poverty [18] allow studying the vulnerability of human
communities. Second, for disease systems with multi-host species and/or multi-vector species
[19] it may be unrealistic to model all the actors in systems of such diversified communities of
vectors and hosts [20,21]. Identifying explanatory variables and modelling the occurrence of
recognised vectors and/or hosts may miss important parts of the infectious disease system,
leading to conflicting issues when suitable areas for disease agent establishment are expected
to be considered as epidemiologic risks [22–24]. An alternative approach may be to focus on
the occurrence of human cases, considering that disease records indicate the circulation of the
pathogen, whatever hosts and vectors, including secondary ones, are involved in the disease
agent’s life cycle [5,6]. In disease ecology, in the past decade these models relying on human
case have shown relevance in identifying more favourable areas for diseases occurrence and
risk prediction [25,26].
Thus, species distribution modelling (SDM) with human cases and climatic, environmental
and anthropogenic variables may be useful in identifying the different factors influencing the
complex disease transmission cycle such as for cutaneous leishmaniasis (CL). CL is caused by a
protozoan parasite of the genus Leishmania with a complex life cycle involving multiple phlebo-
tomines and mammal species acting as natural vectors and reservoirs, respectively, for the para-
site [27,28]. In Meso and Southern Americas, 940,396 new cases of cutaneous (CL) and mucosal
leishmaniasis were reported by 17 endemic countries from 2001 to 2017 [29]. American cutane-
ous leishmaniasis is widespread in the Amazonian Basin and throughout the Neotropical
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rainforest biome, a region with high biodiversity, and caused by several Leishmaniinae species
[30–35]. Within Amazonia, the different Leishmania species have a more focal distribution due
to their transmission cycles associated with specific ranges of the host reservoirs and vectors [2].
Further, transmission cycles are mainly sylvatic, although urbanisation processes have been
reported in some South American countries such as Colombia [34,36]. The sylvatic cycle occurs
in forested environments and the rural/domestic cycle occurs mainly in forested-associated
human settlements by intra-domiciliary transmission. At the infection focus (a given area
where transmission occurred), all components of the cycle must be brought together. Risk mod-
els aim to correlate these infection foci with human activities to define the areas that are at high
eco-epidemiological risk of infection for humans. However, for leishmaniasis Ve´lez et al. (2017)
[2] pointed out that the limit of these infection foci was complex to define due to (1) the high
diversity of phlebotomine species and the numerous host species involved in the disease life
cycle, (2) the diversity of Leishmania species, (3) the complexity of confirming phlebotomine
species as vectors and wild mammalians as hosts and (4) the challenge of diagnosing human
cases with clinical forms of leishmaniasis. Further, the large geographic extent of the disease and
disease agent cycles that may operate in space induce many complex ecological interactions [36]
and add uncertainty on the place of infections, which is problematic when models are based on
the geolocation of human cases. Last, major anthropogenic disturbances in the Amazonian
region impact complex networks of species communities in forest ecosystems; land uses and
modifications of the natural habitats are recognised critical factors affecting the mammals and
the phlebotomine community’s abundance and density [37].
Previous studies have used SDM to map CL occurrence with human cases as input data
based on the boosted regression tree (BRT) [14,38] and regression Bayesian modelling [39]
showed that climatic parameters acted as the most important predictors of CL distribution at
the scale of the South American continent [14,38] and in Brazil only [39]. However, beyond
the climatic influence, the level of anthropogenic pressure can act at a finer local scale to influ-
ence the disease distribution cycle [40,41].
The aim of the present study was to map the risk of CL based at two different scales in the
Amazonian forest and surrounding Neotropical moist forest ecosystems. This geographic area
allows working at higher spatial resolution than previously published studies, controlling the
influence of bioclimatic factors previously identified as disease occurrence drivers [14,38,39]
and likely highlighting a putative role of more local bioecological drivers. We used maximum
entropy implemented with the MaxEnt software [42], based on a presence-background ENM,
identifying non-linear responses of CL cases to different fine-resolution biotic and abiotic vari-
ables at both the Amazonian and French Guianan scales. These two models were run indepen-
dently and are not assumed to validate each other, but instead are expected to show the extent
to which the geographic grain influences the relative importance of contributory variables for
the spatial prediction of the disease risk. We used only the official human CL epidemiological
records as input data to predict the risk of leishmaniasis occurrence. The cases were geolocated
in the health centres, resulting in uncertainty as to the contamination area and geography-
biased case reports for this sylvatic disease. To stay within the BAM reasoning framework, we
attempted to adapt the model to the real ecological conditions of the CL cycle. To reflect the
most likely places of contamination and properly handle the field realities, we randomly dis-
tributed the occurrence of cases outside urban centres. By eliminating areas where one is
unlikely to find autochthonous CL cases, we succeeded in integrating the movement (M) of
the BAM framework. Several redistribution methods made it possible to control the sampling
biases related to the uncertainty of case geolocation. The novelty of this work was its redistri-
bution of the occurrences of the disease cases, testing several CL case distribution methodolo-
gies, to approach the ecological characteristics of the disease as closely as possible.
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Materials and methods
Human leishmaniasis cases and study areas
For the Amazonian model, we used a total of 149,368 human CL cases referenced in 1415
localities from Brazil, Colombia and French Guiana. These case records were predominantly
located in the same large Neotropical moist forest biome that encompasses the Amazonian
basin, the Guiana shield, and north-west forests of South America (Fig 1). For Brazil, 75,441
CL cases, reported from 2007 to 2015, spread across 444 localities in the Amazonian states of
Acre, Rondoˆnia, Tocantins, Para´, Roraima, Amapa´, Mato Grosso and Amazonas were
obtained from the Secretaria de Vigilaˆncia em Sau´de-SVS (Secretary of Surveillance in Health)
from the Brazilian Ministry of Health. The data were validated by the Technical Group of
Leishmaniasis, the Coordenac¸ão Geral de Doenc¸as Transmissı´veis (CGDT), the Departamento
de Vigilaˆncia de Doenc¸as Transmissı´veis (DEVIT) and by the Secretaria de Vigilaˆncia em
Sau´de (SVS) of the Ministe´rio da Sau´de. Input data for CL for these states were the place of
infection at the municipality scale. In Colombia, 73,479 cases were spread across 882 localities
in all the 32 departments of Colombia from 2007 to 2015. Colombian data were extracted from
the SIVIGILA (National Public Health Surveillance System) website, which gathers cases of
the various diseases that require mandatory reporting. CL data were validated by the Grupo de
Investigaciones Microbiolo´gicas-UR (GIMUR) from Universidad del Rosario, as reported
Fig 1. Location of CL actual reported case occurrences illustrated by brown dots, according to different South American northern biomes (Global 200 ecoregions,
http://www.worldwildlife.org [44]), and the administrative borders. Final map produced with ArcGis 10.4.
https://doi.org/10.1371/journal.pntd.0007629.g001
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elsewhere [43]. In French Guiana the 448 cases distributed in 89 localities come from patients
in consultation for suspected leishmaniasis at the LHUPM (Laboratoire Hospitalo-Universi-
taire de Parasitologie et Mycologie) and in the country’s different health centres, between 2008
and 2015.
We chose not to include cases from Venezuela, Suriname, Guyana, Bolivia and Peru,
because we had no access to official cases coming from health centres that could be considered
as non-biased public data.
Ethics statement
We report a geospatial analysis of CL data. For Colombia and Brazil, the data were readily
obtained from existing public access databases (Colombia: SIVIGILA, and Brazil: SINAN). For
French Guiana, we report the cases from the database already published in Simon et al. (2017)
[45]. For all data, the information that identifies the patient was anonymised in the databases
and there is no need for ethical considerations.
Parameters in the models
All data were processed in ArcGis 10.4 [46]. All variables were used at the resolution of 30 arc-
seconds (~1 km2) for the Amazonian and French Guiana models. Geographic variables avail-
able at another resolution and vectorized variables were resampled at 30 arc-seconds using the
nearest neighbour joining method, implemented with ArcGis 10.4. The bioclimatic, environ-
mental and anthropogenic variables are given in Table 1, with their initial resolution.
In total, 26 variables were used for the Amazonian model including 19 bioclimatic variables
from WorldClim2, three anthropogenic variables with the population density, the human pov-
erty and the human footprint (HFP) and four environmental variables: the biomass above-
ground, elevation, forest canopy height and species richness in mammals. For French Guiana,
we used the same 19 bioclimatic variables that for the Amazonian model, plus a cloud cover
variable. The same environmental variables were used as for the Amazon model with in addi-
tion, the percentage of the cell covered by high forest, the distance to river courses, the distance
to forest edge and the distance to a relief at least of 500 meters. However, we did not have the
species richness variable in mammals for this last model. Two anthropogenic variables were
used, the density of tracks and road network and HFP; we used a specific HFP developed for
French Guiana, which has a higher level of detail and a more recent update than for the Ama-
zonian HFP variable. The detailed information and sources of the variables used for both mod-
els is available in supplementary method (S1 Method).
Model implementation and processing
Using MaxEnt. The aim was to identify the response curves of the likelihood of case
occurrence in relation to the most contributing explanatory variables and then to highlight
areas with the most favourable predictors for disease occurrence and risk. To examine how
our range of environmental and anthropogenic factors may influence leishmaniasis occur-
rence, we used a generalised additive model (GAM) to model the occurrence of human CL
cases as input data, under the software MaxEnt, version 3.3.3k [42]. The main benefit of
GAMs over techniques such as logistic regression and other generalised linear models is that
they use regression splines to estimate the response curves of different predictor variables and
can thus learn their non-linear contributions to the dependent variable. Models were fitted
with all possible variables of interest. MaxEnt is a highly confident presence-background
model based on maximum entropy that does not require real absence data [42]. It belongs to
machine learning modelling, which builds a two-step model: the first step is based on a part of
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the input occurrence data and identifies the best explanatory function for the occurrence of
disease cases according to each environmental variable, and then sums this up. These functions
create a first learning model. Second, a general model is created with all these functions, using
all cases of occurrence. MaxEnt does not require true absence data because it generates back-
ground data that we set at 10,000 background points for this study. For the replicated run type,
we used the subsampling strategy with 30% of cases used for training, with 1,000,000 iterations.
To consolidate the final model, we made ten replications, without using threshold values and
with response curves and jackknife analyses as output data. MaxEnt generates a map where the
likelihood of favourable areas for leishmaniasis transmission to humans ranges from 0.0 to 1.0.
The post-processing of the map was done in ArcMap 10.4.
Variable selection. We used a backward stepwise selection procedure to exclude the
explanatory variables that did not contribute to improving the model. The individual compo-
nents were evaluated under the jackknife test and we stopped removing variables when all vari-
ables had a percent contribution greater than 5%. The quality model was evaluated with the
Table 1. Bioclimatic, environmental and anthropogenic variables used for the different geographical models.
Model Category Variables Initial resolution
Amazonian—French Guiana Bioclimatic—Abiotic (bio1) Annual Mean Temperature 30 arc-sec (~1 km)
Amazonian—French Guiana Bioclimatic—Abiotic (bio2) Mean Diurnal Range (Mean of monthly (max temp—min temp)) 30 arc-sec (~1 km)
Amazonian—French Guiana Bioclimatic—Abiotic (bio3) Isothermality (bio2/bio7) (� 100) 30 arc-sec (~1 km)
Amazonian—French Guiana Bioclimatic—Abiotic (bio4) Temperature Seasonality (standard deviation �100) 30 arc-sec (~1 km)
Amazonian—French Guiana Bioclimatic—Abiotic (bio5) Max Temperature of the Warmest Month 30 arc-sec (~1 km)
Amazonian—French Guiana Bioclimatic—Abiotic (bio6) Min Temperature of the Coldest Month 30 arc-sec (~1 km)
Amazonian—French Guiana Bioclimatic—Abiotic (bio7) Annual Temperature Range (bio5-bio6) 30 arc-sec (~1 km)
Amazonian—French Guiana Bioclimatic—Abiotic (bio8) Mean Temperature of the Wettest Quarter 30 arc-sec (~1 km)
Amazonian—French Guiana Bioclimatic—Abiotic (bio9) Mean Temperature of the Driest Quarter 30 arc-sec (~1 km)
Amazonian—French Guiana Bioclimatic—Abiotic (bio10) Mean Temperature of the Warmest Quarter 30 arc-sec (~1 km)
Amazonian—French Guiana Bioclimatic—Abiotic (bio11) Mean Temperature of the Coldest Quarter 30 arc-sec (~1 km)
Amazonian—French Guiana Bioclimatic—Abiotic (bio12) Annual Precipitation 30 arc-sec (~1 km)
Amazonian—French Guiana Bioclimatic—Abiotic (bio13) Precipitation of the Wettest Month 30 arc-sec (~1 km)
Amazonian—French Guiana Bioclimatic—Abiotic (bio14) Precipitation of the Driest Month 30 arc-sec (~1 km)
Amazonian—French Guiana Bioclimatic—Abiotic (bio15) Precipitation Seasonality (Coefficient of Variation) 30 arc-sec (~1 km)
Amazonian—French Guiana Bioclimatic—Abiotic (bio16) Precipitation of the Wettest Quarter 30 arc-sec (~1 km)
Amazonian—French Guiana Bioclimatic—Abiotic (bio17) Precipitation of the Driest Quarter 30 arc-sec (~1 km)
Amazonian—French Guiana Bioclimatic—Abiotic (bio18) Precipitation of the Warmest Quarter 30 arc-sec (~1 km)
Amazonian—French Guiana Bioclimatic—Abiotic (bio19) Precipitation of the Coldest Quarter 30 arc-sec (~1 km)
French Guiana Bioclimatic—Abiotic Cloud coverage 1 km
Amazonian—French Guiana Environmental—Abiotic Elevation (SRTM) 30 arc-sec (~1 km)
French Guiana Environmental—Abiotic Distance to a relief at least of 500 meters vector
French Guiana Environmental—Abiotic Distance to forest edge vector
French Guiana Environmental—Abiotic Distance to river courses vector
Amazonian—French Guiana Environmental—Biotic Aboveground biomass 1 km
Amazonian—French Guiana Environmental—Biotic Forest canopy height 0,6 mile (1 km)
French Guiana Environmental—Biotic Percentage of the cell covered by high forest vector
Amazonian Environmental—Biotic Richness in mammal species 30 arc-sec (~1 km)
Amazonian Anthropic—Biotic Population density 30 sec (~1 km)
Amazonian Anthropic—Biotic Poverty 1 km
Amazonian—French Guiana Anthropic—Biotic (HFP) Human footprint 30 sec (~1 km)
French Guiana Anthropic—Abiotic Density of tracks and road network vector
https://doi.org/10.1371/journal.pntd.0007629.t001
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area under the curve (AUC) and the omission rate [47]. Thus, models with the lowest training
and test omission rates and with the highest AUC were retained as the best minimal models.
Before validating the final minimal model, we checked that the remaining variables were not
spatially autocorrelated by performing a Pearson test implemented with SDM toolbox 2.0 [48].
Model evaluation. The reliability of the final minimal model was evaluated using a null
model [49], which is based on the comparison between the AUC of the model created with the
CL cases reported and the AUC of the models with the same number of randomly distributed
cases of CL. We therefore generated 100 models with randomly distributed points. Resulting
AUCs were classified in ascending order, and we compared the AUC of the final leishmaniasis
model. If the AUC of the final leishmaniasis model was greater than the 95th value, the final
model was considered better than a random model with a confidence interval greater than 95%.
To study the potential sampling bias of the models, we tested two additional models, excluding
cases. For the first one we arbitrarily removed the Colombian cases and for the second one we
removed the French Guianan cases. The results are available in Supplemental results.
Data preparation for modelling
Weighting cases. Since the geographically close occurrences are likely to be spatially auto-
correlated, MaxEnt requires rarefaction of input data when data sets are large, minimizing the
number of cases per cell (i.e. 1 km2 in our study) before the model is implemented. The resam-
pling strategy thus allowed mitigating the model’s over-learning in oversampled areas. For the
Amazon, we averaged the number of cases in each locality recorded yearly. Then we arbitrarily
created three classes of weighted occurrences: localities with one to ten cases (n = 1,115) were
represented by one point, localities with 11–100 cases were weighted with two points (n = 266)
and localities with more than 101 cases (n = 102) with four points. A total of 149,368 cases for
the Amazonian model were weighted, giving a final 4,280 CL cases to use for model develop-
ment. For the French Guiana model, we did not create classes but only kept the average num-
ber of cases per year, ranging from one to five, for each locality. Finally, 111 CL cases were
used to elaborate the final model.
Point distribution methodology. In official reports, geolocation of CL cases was most
often provided at the level of urban centres, administratively referenced, which is likely not the
exact place of infection where people were infected. CL is a mainly sylvatic disease and we
wished to randomly redistribute these cases in the most likely contamination areas. This redis-
tribution allowed us to integrate the movement (M) of the BAM diagram into the model,
excluding areas where finding the pathogen is very unlikely. Weighted case occurrences were
distributed with ArcGis 10.4. We first defined an exclusion zone in the most urbanised areas
based on the score of the HFP layer and we created a distribution zone, which represents the
likely contamination zone to distribute the points of presence, around the exclusion zone. The
exclusion values of HFP were selected based on satellite imagery of large urban centres. We
adapted the scales of the exclusion and distribution zones according to the two geographic
models. To control for resampling bias of this resampling we developed three different distri-
bution methods (Table 2, with detailed procedure provided in Supplemental method). These
three methods allowed us to (i) test whether the exclusion zones of models 1 and 2 excluded
the urban centres with a high HFP, (ii) determine whether it was important to adapt the point
distribution area proportionally between the two French Guiana-Amazonian scales for model
3 and (iii) test whether or not the distribution of classes made with the HFP in model 1 biased
the random distribution of points. Last, to avoid pseudo-replication problems in modelling
and over-representation of independent variables, the points of CL occurrence were all spaced
a minimum 1 km2 apart.
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Results
The three different methods for Amazonian and French Guiana models show only very few
differences in their respective AUCs, and the occurrence of CL cases is explained by the same
set of environmental and anthropogenic variables (S1 Table). Test omission rates are null at
the minimum training presence threshold for training datasets (rate = 0.000 for all methods 1,
2 and 3) and very low for the test omission (rate method 1 = 0.0005, rate method 2 = 0.0017,
rate method 3 = 0.0008). For the 10th percentile training presence threshold the training
rate = 0.099 and the test rate = 0.11 for the three methods. Pair-wise comparisons, using non-
parametric tests, show no deviation from the null hypothesis of differences across the three
Amazonian ENM methods (for latitude, Z [0.688; 0.697; 0.941], df [1241; 1267; 1336] and p
[0.491; 0.486; 0.347] for comparison between method1-method2, method1-method3, and
method2-method3, respectively; for longitude, Z [1.122, 0.795, −0.468], df [1244; 1255; 1343]
and p [0.262; 0.427; 0.640] for the same comparisons). Consequently, our three disease case
distribution methods do not influence the quality of the models. For the analysis of the results,
hereafter we only consider the models with the distribution method leading to the best AUC
for French Guiana and Amazonia.
Amazonian model
Method 2 of the distribution of the points led to the best AUC score (0.842; 95th ranked AUC
value for null model = 0.5073) (S1 Table). The five variables explaining the probability of
occurrence of CL cases best were, human population density (30.8% of the contribution), HFP
(30.2%), Bioclim 4 (seasonal temperature; 18.9%), mammalian species richness (13.8%) and
aboveground biomass (6.3%). For the jackknife test the variable with the highest gain when
used alone was population density, which therefore appears to contain the most useful infor-
mation by itself (S1 Fig). The variable that most decreases the gain when it is omitted is Bio-
clim 4, which therefore appears to have the most information that is not present in the other
four variables (S1 Fig).
The likelihood of occurrences does not vary whatever the population density (Fig 2A). The
likelihood of occurrence increases sharply to a HFP value of about 50, then decreases sharply
(Fig 2B). This decrease can be attributed to our method of distributing case occurrences for
high HFP values, excluding the more anthropised areas and large urban centres in the Amazon
(values above 51) where transmission of CL is unlikely to occur given the ecology of the CL
transmission cycles. The likelihood of case occurrence decreases rapidly as the seasonal
Table 2. Creation of HFP classes and methods of distribution of the occurrence points in the exclusion and distribution buffers for the Amazonian and French Gui-
ana models. The size indicates the radii of buffers in kilometres.
Amazonia French Guiana
Exclusion buffer (km) Distribution buffer (km) Exclusion buffer (km) Distribution buffer (km) HFP
Method 1 0.5 3 0.5 3 0–29
2.5 5 1 5 30–50
7.5 10 2 6 51–90
Method 2 HFP > 50 3 HFP > 40 3
HFP > 50 5 HFP > 40 5
HFP > 50 10 HFP > 40 6
Method 3 HFP > 50 + 0.5 3 HFP > 40 + 0.5 3
HFP > 50 + 2.5 12.5 HFP > 40 + 1 5
HFP > 50 + 7.5 22.5 HFP > 40+ 2 6
https://doi.org/10.1371/journal.pntd.0007629.t002
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temperature variation (Bioclim 4) increases (Fig 2C). The likelihood of occurrence of cases with
mammal species richness looks like a bell-shaped curve: it abruptly increases near 110 species,
since low-richness areas indicate either non-forested habitats, where CL does not occur, or dis-
turbed forest habitats; the occurrence then decreases for the highest mammal richness values,
those associated with very remote, species-rich and restricted Amazonian regions where, at
least, no CL human cases are reported (Fig 2D). Concerning the aboveground biomass, the like-
lihood of case occurrence is stable, then decreases over a very small interval of the variable,
between 200 and 250 tons/ha, and finally increases when the values of the variable increase.
The predicted risk map is driven mainly by population density and HFP, showing disturbed
forest areas and large nuclei of human populations as foci potentially at risk for leishmaniasis
transmission to human populations living in these contexts. The north-northwest of South
America, mainly Venezuela, and the south-eastern part of the Amazon basin, notably near the
south of the delta area, appear as the most at-risk areas for leishmaniasis transmission accord-
ing to the explanatory variables retained in the models (Fig 3).
French Guianan model
The model with distribution method 2 had the best AUC (0.885, null model = 0.5491) (S1
Table). The best AUC score was obtained with four explanatory variables that included two cli-
matic variables (Bioclim 2 and 16; mean diurnal range of temperature and the precipitation of
the wettest quarter, respectively), one anthropogenic variable (HFP) and one environmental
variable (distance to forest relief), with overall the most significant contribution being HFP
with 70.1% of the total explanation. The jackknife test training shows that the explanatory vari-
able with greatest gain when used alone and that decreases the gain the most when omitted is
Fig 2. Response curve of cutaneous leishmaniasis probability of occurrence for the four most contributing variables in Amazonia with population density (a), human
footprint (b), Bioclim 4 (c), mammal richness (d) and aboveground biomass (e).
https://doi.org/10.1371/journal.pntd.0007629.g002
Modelling the risk of cutaneous leishmaniasis in Amazonia
PLOS Neglected Tropical Diseases | https://doi.org/10.1371/journal.pntd.0007629 August 14, 2019 10 / 21
HFP. Jackknife analysis was performed to test the importance of each of the variables retained.
Bioclim variables 2 and 16 contributed 9.2% and 15.4% of the total explanation, respectively.
The last variable distance to a relief of at least 500 m seemed to contribute very little to the
model (5.3%), but the jackknife test showed a decrease in AUC when the variable was not pres-
ent in the training and the test (S2 Fig).
The likelihood of occurrence increases with HFP until 35–40 and then it decreases according
to a bell-shaped curve. This decrease is directly related to the point distribution of method 2
since areas with HFP> 40 were excluded from contamination areas (Fig 4A). For Bioclim 16,
the likelihood of occurrence slightly increases with precipitation of the wettest quarter, indicat-
ing that the occurrence of cases increases monotonically during the rainy season in this region
(Fig 4B) and then drops for the highest values of precipitation of the wettest quarter. The
response of the mean diurnal range variable (Bioclim 2) shows that the likelihood of occurrence
slightly decreases as the temperature amplitude increases and then sharply rises to reach a pla-
teau for the highest values of Bioclim 2 (Fig 4C). When the amplitude is the highest, there is a
sharp increase in the likelihood of cases occurring, as explained by several cases of CL in the
eastern part of the French Guiana region. The response curve of the distance to relief of at least
500 m variable shows that occurrence is high at 500 m and then drops off rapidly and increases
gradually at lower altitudes (Fig 4D).
Fig 3. Risk map for the Amazonian model. The risk area prediction maps are calculated using the Habitat Suitability Index (HSI) calculated between 0 and 1.
Increasing suitability follows a gradient from colder to warmer colours. Cases of CL are represented by brown dots. Map made with ArcMap 10.4.
https://doi.org/10.1371/journal.pntd.0007629.g003
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The risk map shows that prediction for CL transmission is higher where the HFP index is
high, i.e. anthropogenic activities (hunting, logging, development of activities and housing at
edges) are most common (Fig 5).
Discussion
The potential input value of ecological niche modelling (ENM) for spatial epidemiology is
widely accepted for generating risk maps and answering ecological and distributional ques-
tions related to the disease system, its persistence (i.e. endemicity and high spots) and spread
(i.e. development of epidemics) [50]. However, to design a good study it is necessary to con-
sider a set of issues related to the type and use of occurrence data, the relevance of explanatory
variables and the spatial extent of the model, and to ensure adequate statistical support [50].
The aim of the present study was to propose a risk map of cutaneous leishmaniasis (CL) based
on anthropogenic, climatic and environmental factors at two different scales, in the Neotropi-
cal moist forest biome (Amazonian basin and surrounding forest ecosystems) and in French
Guiana. The models were created using a presence-background ENM constructed on human
disease cases in the biotic, abiotic, movement (BAM) framework [17]. Compared to previous
studies, one novelty in the present investigation was the redistribution of points to try consider
the known ecological characters of the CL cycle and to integrate the movement component of
BAM [51–53], complementary to the biotic and abiotic components more widely used The
reduction and the redistribution of cases limited the over-representation of certain
Fig 4. Response curve of disease occurrence for the four variables contributing most in French Guiana with HFP (a), Bioclim 16 (b), Bioclim 2 (c) and distance to relief
of at least 500 m (d).
https://doi.org/10.1371/journal.pntd.0007629.g004
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environmental conditions and allowed us to focus on the more favourable zones of infection, a
key issue when dealing with georeferenced data extracted from official reports [54]. Based on a
consistent data set never used before and a conceptual and methodological framework for
interpreting a quantitative analysis of cases, we obtained risk maps with high statistical sup-
ports. This approach thus increases the potential of ENM for further investigation in modern
pathogeography [6].
Environmental variables
At the beginning of this study, the set of initial variables tested was large enough to encompass
all the ecological complexity of the CL life cycle.
In agreement with previous studies using human CL occurrence data [14,38,39], the vari-
able contributing most to the Amazonian model were two anthropogenic variables, i.e. popula-
tion density and HFP, followed by seasonal temperature, mammal species richness and
aboveground biomass. At French Guiana scale, the variables explaining the greatest number of
cases were HFP, followed by precipitation in the wettest quarter (Bioclim 2) and the mean
diurnal range of temperature (Bioclim 16).
At the Amazonian large scale, the presence of four biotic variables with wild mammal spe-
cies richness, population density, HFP and aboveground biomass show the likelihood of
increased case occurrence when all these parameters also increase. Several studies have shown
that changes in human activities with landscape management in rural areas may affect the
Fig 5. Risk map for the French Guiana model. Increasing suitability follows a gradient from colder to warmer
colours. Cases of CL are represented in brown. Map made with ArcMap 10.4.
https://doi.org/10.1371/journal.pntd.0007629.g005
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population dynamics and distribution of phlebotomine species in Amazonia [41,55,56]. The
response of the seasonal temperature indicates that CL cases are more likely to occur in geo-
graphical areas with the least amplitude in seasonal variation. This is not surprising and lends
support to the absence of CL cases in the Andes Mountains, with their present unfavourable
meteorological and ecological conditions for phlebotomine vectors [33]. Although this obser-
vation is ecologically consistent for a large-scale study, it does not add information on climatic
factors favouring the risk in the Amazonia biome. Here, unlike the results of previous studies
[14,38], the contribution of rainfall remained below 5%, probably because the model is run in
the same biome where precipitation has no significant impact on the risk of CL transmission.
Wild mammal species richness and aboveground biomass are reminders that the involvement
of mammalian hosts and the ecology of the vector are also important biotics drivers to be con-
sidered in assessing the risk of CL [57]. Interestingly, in French Guiana, the likelihood of case
occurrence is also mainly driven by the biotic HFP variable, with cases increasing as HFP rises.
Although environmental policies in this region are very protective [58], pressures on forest
ecosystems have changed over the last few decades. Today, 86.2% of CL cases reported are due
to L. guyanensis whose the life cycle is mainly sylvatic, but an increase in cases due to L. brazi-
liensis has been observed in recent years [45]. The ecology of L. braziliensis has been assimi-
lated with disturbed and peri-domestic forest habitats in several parts of Amazonia [37]. For
this model, the HFP biotic variable probably provided a better account for anthropogenic
modification on the environment given its finer resolution and more up-to-date data than
those used for the entire Amazonian region [59].
For French Guiana, we observed a probability of an increase in CL case occurrence when the
precipitation of the wettest quarter and mean diurnal range increased, confirming the impor-
tance of these climate variables in the Amazon basin regardless of the scale chosen. Indeed, in
French Guiana a large majority of cases are in the north-east region where precipitation and
mean diurnal temperature variations are the greatest. This increase can potentially be explained
by the climatic conditions, which are more favourable for vector proliferation, and by the more
extensive anthropogenic activities related to the forest [59]. For the response curve of the vari-
able representing the distance to a relief of more than 500 m, the probability of cases occurring
is higher on the 500-m reliefs and when one moves away from these reliefs. This result may
reflect the high biological diversity of phlebotomine species with different altitudinal distribu-
tions as we observed in many regions of Southern America. Ready et al. [60] showed the pres-
ence of Psychodopygus wellcomei, the main vector of L. (V.) braziliensis in Amazonia, at
altitudes over 500 m and then the sharp drop in the probability of occurrence of CL cases and
its consistent increase can reflect the ecological requirement of vectors in French Guiana.
Risk map
The risk map obtained for the Amazonian model is relatively similar to the at-risk areas
highlighted by a previous study at the South American scale [14]. However, it differs from the
map obtained by Purse et al. [38] where the entire Amazon basin was found at risk. In the pres-
ent study, the AUC, omission test and the null model suggest that the predictions are reliable.
The predominantly identified risk areas are described where the human impact on the envi-
ronment is substantial, i.e., close to urban centres and along roads and rivers where human
populations are concentrated.
Venezuela, north-east of Brazil, and northern Bolivia emerge as potential at-risk areas while
no case of CL in this region was used in the model. The data currently available on CL indicate
that cases have been identified in these areas [61], although they are not being included as
input data, suggesting that the model did not make a significant commission error. In
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Colombia, the states in the south-east did not come out as a potentially high-risk area. This
result seems to contradict the recent study conducted by Herrera et al. [43], which indicated
that these states had the highest incidence and number of cases in the country. This failure
may be explained by the limit of spatial ENM when working with quantitative data. Despite a
very high number of reported CL cases in this region, the number of cities and the population
density remain very low. However, ENMs handle quantitative data such as prevalence, because
the information is retained at the pixel scale and whatever the number of cases in one pixel, it
is saturated with the first reported case. Despite our procedure to create a buffer zone to ran-
domly disperse cases, cases and substantially increase the number of available pixels to distrib-
ute the cases, the model still gives greater importance to areas where the spatial occurrence of
cases is widely distributed.
For French Guiana, this is the first study to propose a high-resolution risk map based on
precisely geolocalised cases. For this European territory, high-risk areas are located where the
anthropogenic pressures on habitats are the strongest. A risk zone appears on the map in the
west of this region despite the absence of cases, suggesting under-reported and/or under-diag-
nosed cases. French Guiana is a region where deforestation, hunting, forestry activities, and
legal and illegal gold panning have increased in recent years [62]. This information, collected
on the importance of the influence of human activities in increasing the risk of this disease, as
well as the numerous studies carried out on the possible anthropisation of the vector cycle as
shown in Colombia [34] and Manaus, Brazil [63], suggest that human activities in the rainfor-
est in the Amazon and French Guiana could promote a peri-domestication of the CL disease
cycle. Also, throughout Amazonia, people could be infected in peri-urban forest fragments
with great canopy cover, which is essential for maintenance of the Leishmania vector/reservoir
species diversity and abundance [64–66].
Limits
The methodology of this study is based on satellite imagery and correlative analyses, but it
remains a visual assessment. It also excludes that the cycles could occur in anthropised and
highly disturbed habitats. Indeed, in Colombia CL is linked to the urban cycle [34] and in the
largest Amazonian cities such as Bele´m, CL is associated with small forest fragments sur-
rounded by an urban area and where (phlebotomine) putative vectors may sustain [64]. Con-
sequently, it may be interesting to retain relatively high values of HFP in order not to
completely obscure the likelihood of local peri-domestication of CL. Another limitation of our
study is that some areas of the Amazon biome are not considered at risk while we do know the
existence of CL cases, as in Peru and Bolivia. Heterogeneity in the availability of our data
increases the models’ omission rate, but we favoured data that were reliable and retrieved
directly from the public health database for each country. Unfortunately, it was possible to
find this kind of data for only two countries, i.e., Colombia and Brazil, and for the French Gui-
ana region. We also attempted to obtain the most updated variables for the Amazonian model,
but some are not updated over the period when the cases occurred, so the environmental data
are not necessarily concomitant with the case occurrence period. In addition, we are aware
that the models are highly dependent on the input variables and spatial scaling, so risk maps
produced with large-scale data and models should not be extrapolated for more restricted geo-
graphical areas; risk maps are first context- and space-dependent.
Conclusion
Modelling a parasite system that is based on several species of hosts and reservoirs requires
considering relevant biotic and abiotic variables summarising the ecological conditions in
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which the transmission cycle takes place. For this complex issue, the BAM diagram may help
to select the variables and the scale of study. Finally, for both models (Amazonia and French
Guiana) this study highlighted the importance of considering the anthropogenic drivers for
risk assessment. This conclusion differs from that proposed by Pigott and collaborators, [14]
who argued that climatic conditions were the main driver of CL case distribution in South
America. The adequate choice of the spatial scale under scrutiny, in accordance with the vari-
ables explored, can be a major determinant in the discrepancy that we observed between Pigott
et al. and our present results. Therefore, risk mapping should not be made without considering
variables representing the vulnerability of human individuals and communities to the disease
and further add to the importance of an appropriate scaling when designing ENM studies
[50,67]. Generally, coarse-scale studies appear to favour the importance of climatic variables in
explaining infectious disease presence and spatial distribution [68]. This pattern has already
been referred to as Eltonian Noise Hypothesis [69] which assumes that local biological interac-
tions or microhabitat biotic conditions required by a specific parasite cycle should not affect
niche estimates at coarse scales [19].
Perspectives
Many studies have attempted to make future projections of climate change on vector-borne
diseases to determine the factors favouring disease emergence and to predict the dispersal of
infectious disease agents. For diseases whose transmission cycles are confined to restricted
geographic areas, it is likely that the small-scale human impact firstly may influence spatial
expansion or regression of these diseases. With the methodological framework proposed here
and with fine-scale and updated variables on anthropogenic disturbances, ENMs remain a
valuable tool to determine local factors that are the drivers of parasite transmission and may
help relevant decision-making by health authorities. Every ENM study that uses risk modelling
should target the proper scale based on these elements. This statement can be extended most
particularly to the Leishmania ecological system. In French Guiana, the CL system is mainly
represented by L. guyanensis and Nyssomyia umbratilis with Xenarthran species acting as
major host reservoirs [31,45], while this cannot be identical for other pan-Amazon regions
with other species involved in the cycle [34,70]. The relevance of developing future models of
CL risks with only climatic variables is questionable. Indeed, it is likely that the policy and eco-
nomic decisions with their cascading impacts on poverty, hygiene, war, displacement of popu-
lations, etc., and short-term local planning strategies [71] will have a more direct and
immediate impact on biodiversity and their interactions with disease components. This is par-
ticularly true in regions where the expected climatic variations will remain low compared to
the impact of microclimates created, for example, by the creation of hydroelectric dams [40],
the burden of extensive agriculture [72] or the effects of edge habitats [73]. These anthropo-
genic factors will remain extremely difficult to control in the future and will continue to chal-
lenge the relevance of predictive models, whatever the ongoing methodological improvements
and the quality of the data used as independent variables in models.
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models as well as explanatory environmental and human variables. The explanatory vari-
ables are ranked in order of importance of their contribution to the model.
(XLSX)
S1 Fig. Jackknife test results for the Amazonian model with CL case distribution method
2. These tests represent the contribution of each variable independently of the others. Values
shown are averages over replicate runs.
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S2 Fig. Jackknife test result for the French Guiana model with CL case distribution method
2. These tests represent the contribution of each variable independently of the others.
(TIF)
Author Contributions
Conceptualization: Agathe Chavy, Benoıˆt de Thoisy.
Data curation: Agathe Chavy, Benoıˆt de Thoisy.
Formal analysis: Agathe Chavy, Benoıˆt de Thoisy.
Funding acquisition: Benoıˆt de Thoisy.
Investigation: Agathe Chavy, Benoıˆt de Thoisy.
Methodology: Agathe Chavy, Jean-Franc¸ois Gue´gan, Benoıˆt de Thoisy.
Project administration: Benoıˆt de Thoisy.
Resources: Alessandra Ferreira Dales Nava, Sergio Luiz Bessa Luz, Juan David Ramı´rez, Gio-
vanny Herrera, Thiago Vasconcelos dos Santos, Marine Ginouves, Magalie Demar, Ghi-
slaine Pre´vot.
Supervision: Jean-Franc¸ois Gue´gan, Benoıˆt de Thoisy.
Validation: Agathe Chavy, Benoıˆt de Thoisy.
Visualization: Agathe Chavy.
Writing – original draft: Agathe Chavy, Benoıˆt de Thoisy.
Writing – review & editing: Agathe Chavy, Alessandra Ferreira Dales Nava, Sergio Luiz Bessa
Luz, Juan David Ramı´rez, Giovanny Herrera, Thiago Vasconcelos dos Santos, Ghislaine
Pre´vot, Jean-Franc¸ois Gue´gan, Benoıˆt de Thoisy.
References
1. Kilpatrick AM, Randolph SE. Drivers, dynamics, and control of emerging vector-borne zoonotic dis-
eases. The Lancet. 2012 Dec 1; 380(9857):1946–55.
2. Ve´lez ID, Carrillo LM, Cadena H, Muskus C, Robledo SM. Application of the Eco-Epidemiological
Method in the Study of Leishmaniasis Transmission Foci. In: Claborn D, editor. The Epidemiology and
Ecology of Leishmaniasis [Internet]. InTech; 2017 [cited 2018 Aug 16]. Available from: http://www.
intechopen.com/books/the-epidemiology-and-ecology-of-leishmaniasis/application-of-the-eco-
epidemiological-method-in-the-study-of-leishmaniasis-transmission-foci
Modelling the risk of cutaneous leishmaniasis in Amazonia
PLOS Neglected Tropical Diseases | https://doi.org/10.1371/journal.pntd.0007629 August 14, 2019 17 / 21
3. Soares L, Abad-Franch F, Ferraz G. Epidemiology of cutaneous leishmaniasis in central Amazonia: a
comparison of sex-biased incidence among rural settlers and field biologists. Trop Med Int Health. 2014
Aug 1; 19(8):988–95. https://doi.org/10.1111/tmi.12337 PMID: 24862350
4. Estrada-Peña A, Ostfeld RS, Peterson AT, Poulin R, de la Fuente J. Effects of environmental change
on zoonotic disease risk: an ecological primer. Trends Parasitol. 2014 Apr; 30(4):205–14. https://doi.
org/10.1016/j.pt.2014.02.003 PMID: 24636356
5. Peterson AT. Ecological niche modelling and understanding the geography of disease transmission.
Vet Ital. 2007; 43(3):393–400. PMID: 20422515
6. Murray KA, Olivero J, Roche B, Tiedt S, Gue´gan J-F. Pathogeography: leveraging the biogeography of
human infectious diseases for global health management. Ecography. 2018;
7. Kraemer MU, Sinka ME, Duda KA, Mylne AQ, Shearer FM, Barker CM, et al. The global distribution of
the arbovirus vectors Aedes aegypti and Ae. albopictus. Jit M, editor. eLife. 2015 Jun 30; 4:e08347.
https://doi.org/10.7554/eLife.08347 PMID: 26126267
8. Hales S, de Wet N, Maindonald J, Woodward A. Potential effect of population and climate changes on
global distribution of dengue fever: an empirical model. The Lancet. 2002 Sep 14; 360(9336):830–4.
9. Hosseini PR, Mills JN, Prieur-Richard A-H, Ezenwa VO, Bailly X, Rizzoli A, et al. Does the impact of bio-
diversity differ between emerging and endemic pathogens? The need to separate the concepts of haz-
ard and risk. Philos Trans R Soc B Biol Sci. 2017 Jun 5; 372(1722):20160129.
10. Franklin J. Moving beyond static species distribution models in support of conservation biogeography.
Divers Distrib. 2010 May 1; 16(3):321–30.
11. Guisan A, Thuiller W. Predicting species distribution: offering more than simple habitat models. Ecol
Lett. 2005 Sep; 8(9):993–1009.
12. de Thoisy B, Matheus S, Catzeflis F, Cle´ment L, Barrioz S, Guidez A, et al. Maripa Hantavirus in French
Guiana: Phylogenetic Position and Predicted Spatial Distribution of Rodent Hosts. Am J Trop Med Hyg.
2014 Jun 4; 90(6):988–92. https://doi.org/10.4269/ajtmh.13-0257 PMID: 24752689
13. Carolan K, Ebong SMÀ, Garchitorena A, Landier J, Sanhueza D, Texier G, et al. Ecological niche
modelling of Hemipteran insects in Cameroon; the paradox of a vector-borne transmission for Mycobac-
terium ulcerans, the causative agent of Buruli ulcer. Int J Health Geogr [Internet]. 2014 Oct 25; 13. Avail-
able from: https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4213541/
14. Pigott DM, Bhatt S, Golding N, Duda KA, Battle KE, Brady OJ, et al. Global distribution maps of the
leishmaniases. Elife. 2014; 3:e02851.
15. Leach M, Bett B, Said M, Bukachi S, Sang R, Anderson N, et al. Local disease–ecosystem–livelihood
dynamics: reflections from comparative case studies in Africa. Philos Trans R Soc B Biol Sci. 2017 Jul
19; 372(1725):20160163.
16. Kilpatrick AM, Salkeld DJ, Titcomb G, Hahn MB. Conservation of biodiversity as a strategy for improving
human health and well-being. Philos Trans R Soc B Biol Sci [Internet]. 2017 Jun 5; 372(1722). Available
from: https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5413879/
17. Soberon J, Peterson AT. Interpretation of Models of Fundamental Ecological Niches and Species’
Distributional Areas. Biodivers Inform [Internet]. 2005 Jan 13 [cited 2018 Oct 31]; 2. Available from:
https://journals.ku.edu/jbi/article/view/4
18. Campbell-Lendrum D, Manga L, Bagayoko M, Sommerfeld J. Climate change and vector-borne dis-
eases: what are the implications for public health research and policy? Philos Trans R Soc B Biol Sci
[Internet]. 2015 Apr 5; 370(1665). Available from: https://www.ncbi.nlm.nih.gov/pmc/articles/
PMC4342958/
19. Pavlovsky EN. Natural nidality of transmissible diseases: with special reference to the landscape epide-
miology of zooanthroponoses. University of Illinois Press; 1966. 284 p.
20. Roche B, Dobson AP, Guegan J-F, Rohani P. Linking community and disease ecology: the impact of
biodiversity on pathogen transmission. Philos Trans R Soc B Biol Sci. 2012 Oct 19; 367(1604):2807–
13.
21. Roche B, Rohani P, Dobson AP, Gue´gan J-F. The Impact of Community Organization on Vector-Borne
Pathogens. Am Nat. 2013 Jan; 181(1):1–11. https://doi.org/10.1086/668591 PMID: 23234841
22. Medone P, Ceccarelli S, Parham PE, Figuera A, Rabinovich JE. The impact of climate change on the
geographical distribution of two vectors of Chagas disease: implications for the force of infection. Philos
Trans R Soc B Biol Sci. 2015 Feb 16; 370(1665):20130560–20130560.
23. Gutie´rrez EE. Ecological niche modelling requires real presence data and appropriate study regions: a
comment on Medone et al. (2015). Philos Trans R Soc B Biol Sci. 2016 Jul 19; 371(1699):20160027.
24. Rabinovich J. Ecological niche modelling in triatomines–abusus non tollit usum a reply to Gutierrez
(2016). Philos Trans R Soc B Biol Sci. 2016 Jul 19; 371(1699):20160188.
Modelling the risk of cutaneous leishmaniasis in Amazonia
PLOS Neglected Tropical Diseases | https://doi.org/10.1371/journal.pntd.0007629 August 14, 2019 18 / 21
25. Peterson AT, PapeşM, Sobero´n J. Rethinking receiver operating characteristic analysis applications in
ecological niche modeling. Ecol Model. 2008 Apr 24; 213(1):63–72.
26. Olivero J, Fa JE, Real R, Ma´rquez AL, Farfa´n MA, Vargas JM, et al. Recent loss of closed forests is
associated with Ebola virus disease outbreaks. Sci Rep. 2017 Oct 30; 7(1):14291. https://doi.org/10.
1038/s41598-017-14727-9 PMID: 29085050
27. Killick-Kendrick R, Ward RD. Ecology of Leishmania. Parasitology. 1981; 82(4):143–52.
28. Akhoundi M, Kuhls K, Cannet A, Voty´pka J, Marty P, Delaunay P, et al. A Historical Overview of the
Classification, Evolution, and Dispersion of Leishmania Parasites and Sandflies. Bañuls A-L, editor.
PLoS Negl Trop Dis. 2016 Mar 3; 10(3):e0004349. https://doi.org/10.1371/journal.pntd.0004349 PMID:
26937644
29. PAN AMERICAN HEALTH ORGANIZATION. Leishmaniases: epidemiological report of the Americas
[Internet]. 2019 [cited 2019 Apr 15]. Available from: http://iris.paho.org/xmlui/bitstream/handle/
123456789/50505/Leishreport2019_eng.pdf?sequence=9&isAllowed=y
30. Shaw JJ. New World Leishmaniasis: The Ecology of Leishmaniasis and the Diversity of Leishmanial
Species in Central and South America. In: Farrell JP, editor. Leishmania [Internet]. Boston, MA:
Springer US; 2002. p. 11–31. (World Class Parasites). Available from: https://doi.org/10.1007/978-1-
4615-0955-4_2
31. Rotureau B. Ecology of the leishmania species in the Guianan ecoregion complex. Am J Trop Med Hyg.
2006 Jan 1; 74(1):81–96. PMID: 16407350
32. Lainson R, Shaw JJ. New World Leishmaniasis. In: Topley & Wilson’s Microbiology and Microbial Infec-
tions [Internet]. American Cancer Society; 2010 [cited 2018 Oct 31]. Available from: https://
onlinelibrary.wiley.com/doi/abs/10.1002/9780470688618.taw0182
33. Ready PD. Biology of Phlebotomine Sand Flies as Vectors of Disease Agents. Annu Rev Entomol.
2013 Jan 7; 58(1):227–50.
34. Ramı´rez JD, Herna´ndez C, Leo´n CM, Ayala MS, Flo´rez C, Gonza´lez C. Taxonomy, diversity, temporal
and geographical distribution of Cutaneous Leishmaniasis in Colombia: A retrospective study. Sci Rep
[Internet]. 2016 Sep [cited 2018 Aug 16]; 6(1). Available from: http://www.nature.com/articles/srep28266
35. Espinosa OA, Serrano MG, Camargo EP, Teixeira MMG, Shaw JJ. An appraisal of the taxonomy and
nomenclature of trypanosomatids presently classified as Leishmania and Endotrypanum. Parasitology.
2018 Apr; 145(4):430–42. https://doi.org/10.1017/S0031182016002092 PMID: 27976601
36. Wood CL, Lafferty KD, DeLeo G, Young HS, Hudson PJ, Kuris AM. Does biodiversity protect humans
against infectious disease? Ecology. 2014 Apr 1; 95(4):817–32. PMID: 24933803
37. Rangel EF, Lainson R. Proven and putative vectors of American cutaneous leishmaniasis in Brazil:
aspects of their biology and vectorial competence. Mem Inst Oswaldo Cruz. 2009 Nov; 104(7):937–54.
https://doi.org/10.1590/s0074-02762009000700001 PMID: 20027458
38. Purse BV, Masante D, Golding N, Pigott D, Day JC, Ibañez-Bernal S, et al. How will climate change
pathways and mitigation options alter incidence of vector-borne diseases? A framework for leishmania-
sis in South and Meso-America. Dowdy DW, editor. PLOS ONE. 2017 Oct 11; 12(10):e0183583.
https://doi.org/10.1371/journal.pone.0183583 PMID: 29020041
39. Karagiannis-Voules D-A, Scholte RGC, Guimarães LH, Utzinger J, Vounatsou P. Bayesian Geostatisti-
cal Modeling of Leishmaniasis Incidence in Brazil. PLoS Negl Trop Dis. 2013 May 9; 7(5):e2213. https://
doi.org/10.1371/journal.pntd.0002213 PMID: 23675545
40. Latrubesse EM, Arima EY, Dunne T, Park E, Baker VR, d’Horta FM, et al. Damming the rivers of the
Amazon basin. Nature. 2017 Jun; 546(7658):363–9. https://doi.org/10.1038/nature22333 PMID:
28617466
41. Ramos WR, Medeiros JF, Julião GR, Rı´os-Vela´squez CM, Marialva EF, Desmoulie´re SJM, et al.
Anthropic effects on sand fly (Diptera: Psychodidae) abundance and diversity in an Amazonian rural
settlement, Brazil. Acta Trop. 2014 Nov; 139:44–52. https://doi.org/10.1016/j.actatropica.2014.06.017
PMID: 25009952
42. Elith J, Graham CH, Anderson RP, Dudı´k M, Ferrier S, Guisan A, et al. Novel methods improve predic-
tion of species’ distributions from occurrence data. Ecography. 2006 Apr 1; 29(2):129–51.
43. Herrera G, Tehera´n A, Pradilla I, Vera M, Ramı´rez JD. Geospatial-temporal distribution of Tegumentary
Leishmaniasis in Colombia (2007–2016). PLoS Negl Trop Dis. 2018; 12(4):e0006419. https://doi.org/
10.1371/journal.pntd.0006419 PMID: 29624582
44. Olson DM, Dinerstein E, Wikramanayake ED, Burgess ND, Powell GVN, Underwood EC, et al. Terres-
trial Ecoregions of the World: A New Map of Life on Earth. BioScience. 2001; 51(11):933.
45. Simon S, Nacher M, Carme B, Basurko C, Roger A, Adenis A, et al. Cutaneous leishmaniasis in French
Guiana: revising epidemiology with PCR-RFLP. Trop Med Health [Internet]. 2017 Dec [cited 2018 Aug
16]; 45(1). Available from: http://tropmedhealth.biomedcentral.com/articles/10.1186/s41182-017-0045-x
Modelling the risk of cutaneous leishmaniasis in Amazonia
PLOS Neglected Tropical Diseases | https://doi.org/10.1371/journal.pntd.0007629 August 14, 2019 19 / 21
46. Environmental Systems Research Institute (ESRI). ArcGIS Release 10.4. Redlands, California, USA;
2016.
47. Phillips SJ, Anderson RP, Schapire RE. Maximum entropy modeling of species geographic distribu-
tions. Ecol Model. 2006 Jan 25; 190(3):231–59.
48. Brown JL. SDMtoolbox: a python-based GIS toolkit for landscape genetic, biogeographic and species
distribution model analyses. Methods Ecol Evol. 2014 Jul 1; 5(7):694–700.
49. Lobo JM, Jime´nez-Valverde A, Real R. AUC: a misleading measure of the performance of predictive
distribution models. Glob Ecol Biogeogr. 2008 Mar 1; 17(2):145–51.
50. Escobar LE, Craft ME. Advances and Limitations of Disease Biogeography Using Ecological Niche
Modeling. Front Microbiol [Internet]. 2016 Aug 5 [cited 2018 Aug 16]; 07. Available from: http://journal.
frontiersin.org/Article/10.3389/fmicb.2016.01174/abstract
51. Gonza´lez C, Wang O, Strutz SE, Gonza´lez-Salazar C, Sa´nchez-Cordero V, Sarkar S. Climate Change
and Risk of Leishmaniasis in North America: Predictions from Ecological Niche Models of Vector and
Reservoir Species. Galvani AP, editor. PLoS Negl Trop Dis. 2010 Jan 19; 4(1):e585. https://doi.org/10.
1371/journal.pntd.0000585 PMID: 20098495
52. Carvalho BM, Rangel EF, Ready PD, Vale MM. Ecological Niche Modelling Predicts Southward Expan-
sion of Lutzomyia (Nyssomyia) flaviscutellata (Diptera: Psychodidae: Phlebotominae), Vector of Leish-
mania (Leishmania) amazonensis in South America, under Climate Change. Beebe N, editor. PLOS
ONE. 2015 Nov 30; 10(11):e0143282. https://doi.org/10.1371/journal.pone.0143282 PMID: 26619186
53. Sanchez I, Liria J, Feliciangeli MD. Ecological Niche Modeling of Seventeen Sandflies Species (Diptera,
Psychodidae, Phlebotominae) from Venezuela. Int J Zool. 2015; 2015:1–9.
54. Auchincloss AH, Gebreab SY, Mair C, Roux AVD. A Review of Spatial Methods in Epidemiology, 2000–
2010. Annu Rev Public Health. 2012 Apr; 33:107–22. https://doi.org/10.1146/annurev-publhealth-
031811-124655 PMID: 22429160
55. Desjeux P. The increase in risk factors for leishmaniasis worldwide. Trans R Soc Trop Med Hyg. 2001;
95(3):239–243. https://doi.org/10.1016/s0035-9203(01)90223-8 PMID: 11490989
56. Bejarano EE, Uribe S, Rojas W, Darı´o Ve´lez I. Phlebotomine sand flies (Diptera: Psychodidae) associ-
ated with the appearance of urban leishmaniasis in the city of Sincelejo, Colombia. Mem Inst Oswaldo
Cruz. 2002 Jul; 97(5):645–7. PMID: 12219128
57. Carreira JCA, Mafra Magalhães M de AF, Silva AVM da. The Geospatial Approach on Eco-Epidemio-
logical Studies of Leishmaniasis. Leishmaniasis—Trends Epidemiol Diagn Treat [Internet]. 2014 [cited
2018 Oct 31]; Available from: https://www.intechopen.com/books/leishmaniasis-trends-in-
epidemiology-diagnosis-and-treatment/the-geospatial-approach-on-eco-epidemiological-studies-of-
leishmaniasis
58. de Thoisy B de, Fayad I, Cle´ment L, Barrioz S, Poirier E, Gond V. Predators, Prey and Habitat Structure:
Can Key Conservation Areas and Early Signs of Population Collapse Be Detected in Neotropical For-
ests? PLOS ONE. 2016 Nov 9; 11(11):e0165362. https://doi.org/10.1371/journal.pone.0165362 PMID:
27828993
59. de Thoisy B, Richard-Hansen C, Goguillon B, Joubert P, Obstancias J, Winterton P, et al. Rapid evalua-
tion of threats to biodiversity: human footprint score and large vertebrate species responses in French
Guiana. Biodivers Conserv. 2010 Jun 1; 19(6):1567–84.
60. Ready PD, Lainson R, Shaw JJ. Habitat and seasonality of Psychodopygus wellcomei help incriminate
it as a vector of Leishmania braziliensis in Amazoˆnia and northeast Brazil. Trans R Soc Trop Med Hyg.
1984; 78(4):543–4. https://doi.org/10.1016/0035-9203(84)90079-8 PMID: 6485059
61. Alvar J, Ve´lez ID, Bern C, Herrero M, Desjeux P, Cano J, et al. Leishmaniasis Worldwide and Global
Estimates of Its Incidence. Kirk M, editor. PLoS ONE. 2012 May 31; 7(5):e35671. https://doi.org/10.
1371/journal.pone.0035671 PMID: 22693548
62. Deze´cache C, Faure E, Gond V, Salles J-M, Vieilledent G, He´rault B. Gold-rush in a forested El Dorado:
deforestation leakages and the need for regional cooperation. Environ Res Lett. 2017; 12(3):034013.
63. Benı´cio E, Cordeiro M, Monteiro H, Moura MAS, Oliveira C, Gadelha EPN, et al. Sustained Presence of
Cutaneous Leishmaniasis in Urban Manaus, the Largest Human Settlement in the Amazon. Am J Trop
Med Hyg. 2015 Dec 9; 93(6):1208–13. https://doi.org/10.4269/ajtmh.14-0164 PMID: 26483119
64. Ferreira JVS, Santos TV dos, Santos EM dos, Gorayeb I de S. Phlebotomine sand flies (Diptera: Psy-
chodidae) in forest fragments of Bele´m metropolitan area, Para´ State, Brazil, with considerations on
vectors of American cutaneous leishmaniasis agents. Rev Pan-Amaz Sau´de. 2014 Jun; 5(2):29–35.
65. Chavy A, Nabet C, Normand A-C, Kocher A, Ginouves M, Pre´vot G, et al. Identification of French Gui-
ana sand flies using MALDI-TOF mass spectrometry with a new mass spectra library. PLOS Neglected
Tropical Diseases. 2018;In press.
Modelling the risk of cutaneous leishmaniasis in Amazonia
PLOS Neglected Tropical Diseases | https://doi.org/10.1371/journal.pntd.0007629 August 14, 2019 20 / 21
66. Vasconcelos dos Santos T et al. Binational burden of American utaneous leishmaniasis in Oiapoque,
Amapa´ State, Brazil, bordering French Guiana. Revista da Sociedade Brasileira de Medicina Tropical.
2018;In press.
67. Barve N, Barve V, Jime´nez-Valverde A, Lira-Noriega A, Maher SP, Peterson AT, et al. The crucial role
of the accessible area in ecological niche modeling and species distribution modeling. Ecol Model. 2011
Jun 10; 222(11):1810–9.
68. Guernier V, Hochberg ME, Gue´gan J-F. Ecology Drives the Worldwide Distribution of Human Diseases.
PLOS Biol. 2004 Jun 15; 2(6):e141. https://doi.org/10.1371/journal.pbio.0020141 PMID: 15208708
69. Peterson AT. Ecological niche conservatism: a time-structured review of evidence. J Biogeogr. 2011
May 1; 38(5):817–27.
70. Lucas CM, Franke ED, Cachay MI, Tejada A, Cruz ME, Kreutzer RD, et al. Geographic distribution and
clinical description of leishmaniasis cases in Peru. Am J Trop Med Hyg. 1998 Aug; 59(2):312–7. https://
doi.org/10.4269/ajtmh.1998.59.312 PMID: 9715953
71. Huang C-W, McDonald RI, Seto KC. The importance of land governance for biodiversity conservation
in an era of global urban expansion. Landsc Urban Plan. 2018 May 1; 173:44–50.
72. Ferrante L, Fearnside PM. Amazon sugarcane: A threat to the forest. Science. 2018 Mar 26; 1476.
73. Davidson EA, de Arau´jo AC, Artaxo P, Balch JK, Brown IF, C. Bustamante MM, et al. The Amazon
basin in transition. Nature. 2012 Jan; 481(7381):321–8. https://doi.org/10.1038/nature10717 PMID:
22258611
Modelling the risk of cutaneous leishmaniasis in Amazonia
PLOS Neglected Tropical Diseases | https://doi.org/10.1371/journal.pntd.0007629 August 14, 2019 21 / 21
